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E-commerce activity has been increasing during the last years, and this trend is expected to 
continue in the near future. E-commerce practices are subject to uncertainty conditions and high 
variability in customers’ demands. Considering these characteristics, we propose two facility-
location models that represent alternative distribution policies in e-commerce (one based on 
outsourcing and another based on in-house distribution). These models take into account 
stochastic demands as well as more than one regular supplier per customer. Two methodologies 
are then introduced to solve these stochastic versions of the well-known capacitated facility 
location problem. The first one is a two-stage stochastic programming approach that makes use 
of an exact solver. However, we show that this approach is not appropriate for tackle large-scale 
instances due to the computational effort required. Accordingly, we also introduce a 
‘simheuristic’ approach that is able to deal with large-scale instances in short computing times. 
An extensive set of benchmark instances contribute to illustrate the efficiency of our approach, 
as well as its potential utility in modern e-commerce practices. 
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Consumer behavior is moving from traditional offline shopping to online shopping experiences. 
According to some experts, the percentage of individuals ordering goods or services over the 
Internet in developed countries is steadily increasing, reaching a noticeable share of all 
commerce during the last years. Many factors have propelled the e-commerce revolution, 
among others: better search engines linked to retailers, programs focused in building confidence 
by improving online payment services, faster delivery services, strong marketing strategies, etc. 
In the following years, revenues coming from the e-commerce market are expected to grow 
annually at a rate of 9% in Europe, 7% in the United States, and 13% in Asia (Statista 2016). 
This increase in e-commerce activity not only generates new business opportunities, but it also 
arises some challenges that enterprises must face when designing their distribution networks.  
One noticeable characteristic of online sales is the high variability in customers’ demands, 
which must be incorporated in the supply chain design. In fact, it is expected that future demand 
from online channels will grow together with the number of transactions driven by: (a) the 
increase in the number of users –also motivated by the dissemination of mobile access to the 
Internet (Criteo 2016); (b) a change in the shopping habits –shopping is no longer bounded by 
time or space constraints; and (c) new sectors entering the online shopping market. Another 
factor that affects demand is the public acceptance of marketing campaigns focused in boosting 
online shopping at specific dates, such as the “cyber-Monday” or other special offers that only 
apply to online shopping. 
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One of the strategic decisions that e-commerce enterprises must face is the location of their 
facilities or distribution centers (DCs). Notice that this decision has an impact on the daily 
logistics activity and, consequently, on the customers’ quality of service. In the context of e-
commerce, this paper focuses on providing support to online distributors on how to select the 
DC locations, and how to perform the subsequent assignment of customers to these facilities. In 
particular, the study presented here was motivated by the requirements of a distributor offering 
products online to their customers (small business such as restaurants, grocery stores, etc.), 
although it is quite general and could be extended to many other e-commerce scenarios (mainly 
of B2B nature). This distributor wants to define its supply chain considering some specific 
aspects:  
 Each customer should be assigned to more than one DC on a regular basis (e.g., in 
Figure 1, customer i is assigned to facilities A and B). In terms of inventory, layout, 
and transportation, it is important to know which customers are served from each 
DC. In traditional business, it is common to have each customer assigned to only one 
DC. The possibility of having two or more ‘regular’ providers adds flexibility to 
absorb the demand fluctuations and, accordingly, to achieve a lower delivery cost. 
The decrease of this cost may be due to the following factors: (i) an increase in the 
probability of having enough capacity to serve a new customer’s order –without 
requiring outsourcing; and (ii) a higher flexibility in choosing, for each new order, 
the DC that offers the lowest delivery cost.  
 When none of the regular DCs have enough capacity to satisfy a new customer’s 
order, other delivery strategies should be explored. The first one considers using an 
outsourcing policy (e.g., facility D in Figure 1). Usually, there exists a high cost 
associated with this outsourcing service. However, there are some cases in which 
outsourcing may be a reasonable delivery option (e.g., in the case of a low-quantity 
order placed by a customer who is far away from any of its non-regular DCs). The 
second strategy considers servicing the customer in-house from a non-regular DC 
(e.g., facility C in Figure 1). Typically, this option will represent a higher 
transportation cost than using the regular DCs, but it will be generally cheaper than 
outsourcing. 
 
Figure 1. A schematic representation of the problem being considered 
 
Thus, this paper deals with a rich and realistic version of the facility location problem (FLP), a 
well-known combinatorial optimization problem (Klose and Drexl 2005, Melo et al. 2009). The 
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FLP has usually been applied to the design of supply chains in a traditional business context. 
Here, we consider an application motivated by the e-commerce industry. The goal of this work 
is to study this supply chain design problem and to analyze the impact of different delivery 
policies in the presence of uncertainty. Since the capacity at each DC is limited, the problem is 
modeled as a capacitated FLP (CFLP) with stochastic demands. The main contributions of the 
paper are: 
 To present a formal model for the stochastic CFLP in which each customer not only has 
a random demand but also a reduced number of regular providers. A stochastic 
programming model is described for each of the two policies considered. Then, both 
models are solved using the Cplex commercial solver for small-scale instances.  
 To propose a ‘simheuristic’ algorithm to solve the stochastic CFLP in the case of large-
size instances. Simheuristics constitute a family of algorithms that combine a 
metaheuristic framework with simulation techniques to address stochastic combinatorial 
optimization problems in a natural way (Juan et al. 2015a, 2015b). In particular, our 
solving approach is based on the SimILS framework proposed by Grasas et al. (2016), 
which integrates Monte Carlo simulation techniques into the iterated local search (ILS) 
metaheuristic framework (Lourenço et al. 2010, Juan et al. 2014b).  
 To evaluate the impact of the two proposed distribution policies (in-house vs. 
outsourcing), as well as their differences in terms of cost. In order to analyze this 
impact, a set of computational experiments are performed. The solutions provided by 
the algorithm are compared against those obtained with the Cplex solver –whenever the 
latter can be obtained. 
 
The rest of this paper is organized as follows: Section 2 reviews some of the existing literature 
on the CFLP, including both the deterministic and the stochastic variants; Section 3 presents the 
formal models describing the CFLP variants considered in this paper; Section 4 provides a 
description of our simheuristic approach for solving the models; Section 5 includes an extensive 
set of computational experiments; Section 6 extends the analysis of the obtained results; finally, 
Section 7 outlines the main conclusions of this work and provides some suggestions for future 
research. 
 
2. Related Works 
The study of how e-commerce impacts on the design of supply chains is a relevant topic in 
current business. However, most publications refer to the last part of the supply chain –e.g., the 
last-mile delivery (Morganti et al. 2014), the re-design of the batching rules and delivery 
policies of online orders (Zhang et al. 2016), the adequacy of government programs to eliminate 
barriers (Gessner and Snodgrass 2015), or the environmental implications of a dual –both 
traditional and online– channel strategy (Carrillo et al. 2014). For a broader picture, the reader is 
referred to Siddiqui and Raza (2015), who offer a survey of the e-commerce literature from a 
supply-chain perspective and identify both gaps and trends. The authors analyze 165 articles 
focusing on five dimensions: topic-of-study, unit-of-analysis, research perspective, and research 
method. They highlight the growing number of works involving e-supply chain modeling, 
design and/or implementation, while only a few authors focus on outsourcing issues. Moreover, 
it is stated that markets are becoming increasingly uncertain and that the competitiveness is 
growing fast. In this context, we are interested in developing models and methods that support 
strategic decisions at the time of planning the location of physical facilities, i.e., the so called 
mega e-fulfillment centers (Morganti et al. 2014), considering a high variability in the 
customers’ demands.  
The popularity of FLPs is due to the large number of application areas they cover, ranging 
from logistics to computer and telecommunication networks. Some interesting surveys can be 
found in Balinski and Spielberg (1969), Revelle et al. (1970), Guignard and Spielberg (1977), 
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Krarup and Pruzan (1983), Revelle et al. (2008), and Melo et al. (2009). The simplest version of 
FLPs is the well-known uncapacitated FLP or UFLP (Verter 2011), where a set of locations are 
selected and each customer is allocated to the closest available facility –since these do not have 
capacity limitations. Many extensions of the UFLP have appeared with the aim of modeling 
more realistic situations (Klose and Drexl 2005). One of the most common characteristics added 
to this model is the capacity limit of the facilities. For the CFLP, customers’ demands and 
capacity limits are commonly provided as input parameters.  
Since facility location decisions are usually a long-term investment, one important extension 
is the inclusion of uncertainty. Some of the parameters in a FLP model –such as future demands 
or costs–, are difficult to predict, and estimates may significantly differ from actual values. Such 
variations may have an impact on the overall profitability of the project, which justifies their 
inclusion in the optimization models. Owen and Daskin (1998) as well as Snyder (2006) offer 
reviews on FLP variants including uncertainty factors. Jucker and Carlson (1976) are among the 
first authors addressing the variability in customers’ demands. They include uncertainty in their 
CFLP models, either in the prices or in the demands. These authors also identify four types of 
firms with different behavioral characteristics, which sets the variables that are decided in 
advance or within the solving process. A great number of papers include variability in 
customers’ demands, and model the problem as a two-stage stochastic program with a scenario-
based approach. Thus, for instance, Louveaux and Peeters (1992) determine the location and 
size of the facilities in a first stage, while the assignment of customers is left for a second stage. 
A similar approach is used by Snyder et al. (2007), who also consider inventory and safety stock 
levels and incorporates risk measures. In Laporte et al. (1994), however, location and 
assignment decisions belong to the first stage, and only the revenues from customers are 
observed in the second stage. The models proposed in our paper fall within this category, where 
the location of the facilities and the assignment of regular customers are determined in a first 
stage, and the actual amount of demand served from each facility to each customer is decided in 
a second stage.  
Other extensions of the CFLP with uncertainty are discussed next. In Schütz et al. (2008), 
the location of the facilities and their capacities are optimized with the particularity of using 
non-linear costs. Both demands and short-run costs are stochastic. Albareda-Sambola et al. 
(2011) model a situation where it is unknown whether a customer will place an order. This is 
modeled using a Bernoulli distribution, which lends itself to find an analytical solution of the 
recourse problem. In Aydin and Murat (2013), the main source of variability comes from the 
possibility that a facility may be unavailable due to a disruption. Other approaches for dealing 
with uncertain parameters are those using probabilistic constraints (Lin 2009), fuzzy variables 
(Lau et al. 2010) or queueing theory, in which facilities represent servers (Baron et al. 2008, 
Wang et al. 2002). 
Many algorithms have been developed for solving the associated stochastic-programming 
models. If the applications resulted in few facilities and customers, exact solvers are usually 
able to solve the deterministic equivalent model or DEM (Albareda-Sambola et al. 2011, 
Beraldi et al. 2004, Wang et al. 2002). Exact approaches, such as a branch-and-cut L-shaped 
procedure or a Lagrangian-relaxation procedure combined with branch-and-bound, are 
presented in Laporte et al. (1994) and in Snyder et al. (2007), respectively. However, since 
FLPs are NP-hard, the most common approach for solving medium- or large-sized instances is 
based on approximate methods. Thus, Louveaux and Peeters (1992) extend a heuristic that 
worked well for the deterministic counterpart to solve the stochastic problem by using a dual-
based structure. Aydin and Murat (2013) combine a swarm-intelligence metaheuristic with a 
sample average approximation. The main idea behind this approximation is to solve many 
problems with small scenario trees. Each optimal solution may lead to different decision values, 
which are used as initial points in a particle swarm optimization framework. Another important 
class of solution procedures is based on Lagrangian relaxation (Schütz et al. 2008, Wang et al. 
2002). 
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Our solving approach for the stochastic CFLP relies on a simheuristic algorithm, which 
hybridizes an ILS metaheuristic with simulation. As discussed in Juan et al. (2015a), a 
simheuristic algorithm constitutes a flexible framework that can be applied to solve stochastic 
combinatorial optimization problems in different fields. For instance, Juan et al. (2011, 2013) 
used simheuristics to solve the vehicle routing problem with stochastic demands, Gonzalez et al. 
(2016) to deal with the arc routing problem with stochastic demands, Juan et al. (2014a) to 
tackle the permutation flow-whop problem with stochastic processing times, and De Armas et 
al. (2017) to address the stochastic version of the UFLP.  
 
3. From the Deterministic to the Stochastic CFLP 
The classical (deterministic) CFLP is defined over a set of customers 𝐼 = {1, 2, … , 𝑛} and a set 
of potential locations for the facilities,  𝐽 = {1, 2, … ,𝑚}. Each customer has a periodic demand 
di, and DCs have a limited serving capacity, qj. The goal is to find the subset of facilities to be 
opened and determine the customers’ assignment to these open DCs such that all the demand is 
served at a minimum cost. The total cost is derived from: (i) a fixed cost associated with the 
facilities setup, fj; and (ii) a unitary transport cost, cij, which represents the cost of carrying one 
unit of demand from facility j to customer i.  
There are two CFLP variants differing in whether customers can be served from one DC 
(single-source) or more (multiple source). In this paper, it is assumed that customers can be 
served from a number R of different facilities. So, each customer will have at most R facilities 
as regular providers. This variant is denoted as the CFLP with regular providers (CFLPrp). In 
general, FLPs consider decisions that belong to different planning horizons. The selection of 
DCs is a strategic decision, while the actual delivery process falls into the operational level. The 
additional setting of regular providers may fall into the tactical level. Thus, once the chosen set 
of DCs is functional, the periodic operations will consist in serving each customer from any of 
its regular facilities. 
There are three sets of decision variables in this problem. A first set of variables is associated 
with the decision of which DCs will be open. This is represented by a binary variable, 𝑦𝑗, which 
is equal to 1 if facility 𝑗 is open, and 0 otherwise. Another set is related to the decisions about 
which are the regular DCs that will serve each customer. These ones are represented by another 
binary variable, 𝑟𝑖𝑗, which is equal to 1 if facility 𝑗 is a regular provider of customer 𝑖, and 0 
otherwise. In order to ensure that clients will receive all the requested demand and that the 
facilities will not exceed their capacity, a new set of variables is defined. Continuous variables 
𝑥𝑖𝑗 account for the percentage of the demand of customer i that is served by facility 𝑗. For the 
moment, it will be also assumed that all demands must be served by one of its regular DCs. 
Then, the CFLPrp can be formulated as a mixed integer linear model as follows: 
(𝐂𝐅𝐋𝐏𝐫𝐩)      min 𝑍𝑑𝑒𝑡 = ∑ 𝑓𝑗
𝑚








𝑗=1 ≤ 𝑅                                            for 𝑖 = 1,… , 𝑛         (2) 
∑ 𝑑𝑖𝑥𝑖𝑗
𝑛
𝑖=1 ≤ 𝑞𝑗𝑦𝑗                                    for 𝑗 = 1,… ,𝑚         (3) 
∑ 𝑥𝑖𝑗
𝑚
𝑗=1 = 1                                            for 𝑖 = 1,… , 𝑛        (4) 
𝑥𝑖𝑗 ≤ 𝑟𝑖𝑗                                                     for 𝑖 = 1,… , 𝑛;  𝑗 = 1,… ,𝑚       (5) 
𝑦𝑗 ∈ {0,1}, 𝑟𝑖𝑗 ∈ {0,1}, 𝑥𝑖𝑗 ≥ 0            for 𝑗 = 1,… ,𝑚;  𝑖 = 1,… , 𝑛       (6) 
 
The objective function (1) represents the fixed cost of opening the facilities plus the total 
transportation cost. Constraints (2) guarantee that at most 𝑅 facilities will be regular providers 
for each customer. Constraints (3) are associated with serving the customers by open DCs and 
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verifying the facility capacity. Constraints (4) ensure that each customer’s demand is served. 
Constraints (5) link the information between regular DCs and the amount of served demand. 
Finally, constraints (6) indicate that the variables 𝑦𝑗 and 𝑟𝑖𝑗  are binary, while variables 𝑥𝑖𝑗 are 
real and non-negative.  
The stochastic version of the CFLP considers that each customer’s demand is a random 
variable, Di, following a known probability distribution. The introduction of these random 
variables affects how the transportation costs are computed in the objective function. It also has 
an impact on those constraints related to the capacity of each facility. Next, we formulate the 
stochastic CFLPrp (SCFLPrp) as a two-stage stochastic-programming problem (Birge and 
Louveaux 2011, Kall and Wallace 1995). The selection of the facilities to be opened and the 
definition of the regular DCs associated with each customer constitute the first stage decisions. 
These are made before knowing the exact value of the demand (i.e., the actual realization of the 
random variable). Later, once it is revealed, the amount of demand to be served from each DC 
can be computed. Let k denote a discretized outcome of the random variables. For each value of 
k, it is possible to consider a different scenario. The set of all sampled scenarios is represented 
by 𝑆 = {1, 2, … , 𝑠}. Let 𝜋𝑘 be the probability of occurrence of scenario k, such that ∑ 𝜋𝑘
𝑠
𝑘=1 =
1. The demand of customer i under scenario k is 𝑑𝑖𝑘, and the percentage of demand supplied 
from facility j under scenario k is 𝑥𝑖𝑗𝑘. The SCFLPrp, which minimizes the total expected costs, 
can be stated as: 
(𝐒𝐂𝐅𝐋𝐏𝐫𝐩)    min 𝑍𝑠𝑡𝑜𝑐ℎ =∑ 𝑓𝑗
𝑚










𝑗=1 ≤ 𝑅                                        for 𝑖 = 1,… , 𝑛               (8) 
∑ 𝑥𝑖𝑗𝑘
𝑚
𝑗=1 = 1                                    for 𝑖 = 1,… , 𝑛;  𝑘 = 1,… , 𝑠         (9) 
∑ 𝑑𝑖𝑘𝑥𝑖𝑗𝑘
𝑛
𝑖=1 ≤ 𝑞𝑗𝑦𝑗                         for 𝑗 = 1,… ,𝑚; 𝑘 = 1,… , 𝑠       (10) 
𝑥𝑖𝑗𝑘 ≤ 𝑟𝑖𝑗                                          for 𝑖 = 1,… , 𝑛;  𝑗 = 1,… ,𝑚;  𝑘 = 1, … , 𝑠      (11) 
𝑦𝑗 ∈ {0,1},  𝑟𝑖𝑗 ∈ {0,1}, 𝑥𝑖𝑗𝑘 ≥ 0       for 𝑗 = 1,… ,𝑚;  𝑖 = 1, … , 𝑛;  𝑘 = 1, … , 𝑠      (12) 
 
The first term of the objective function represents the fixed cost and does not depend on any 
random variable. The second term is the total expected transportation cost, which depends on 
the specific realization of the random variables. The constraint set represents the same concepts 
that the deterministic counterpart, but they have been extended to every possible realization of 
the random event. However, for scenarios in which the customers’ demands are consistently 
higher than expected, the limited capacity of the DCs may not be sufficient. As a result, the 
previous model may report infeasibility. To deal with this situation, we propose two 
alternatives: (i) outsourcing the demand that cannot be assumed by the regular facilities; and (ii) 
a temporal assignment of non-regular DCs to the customer. 
 
3.1. Model A: outsourcing the unfulfilled demand 
An extra variable 𝑧𝑖𝑘 is needed to represent the percentage of outsourced demand of customer i 
under scenario k. Assuming that outsourcing has a unitary cost of 𝛾, the previous model is 
updated as follows: 


























𝑗=1 + 𝑧𝑖𝑘 = 1                for 𝑖 = 1,… , 𝑛;  𝑘 = 1,… , 𝑠        (14) 
∑ 𝑑𝑖𝑘𝑥𝑖𝑗𝑘
𝑛
𝑖=1 ≤ 𝑞𝑗𝑦𝑗                  for 𝑗 = 1,… ,𝑚;  𝑘 = 1,… , 𝑠    (15) 
𝑥𝑖𝑗𝑘 ≤ 𝑟𝑖𝑗                                  for 𝑖 = 1,… , 𝑛;  𝑗 = 1,… ,𝑚;  𝑘 = 1,… , 𝑠   (16) 
𝑦𝑗 ∈ {0,1},  𝑟𝑖𝑗 ∈ {0,1}, 𝑥𝑖𝑗𝑘 ≥ 0, 𝑧𝑖𝑘 ≥ 0   for 𝑗 = 1, … ,𝑚;  𝑖 = 1,… , 𝑛;  𝑘 = 1,… , 𝑠   (17) 
 
Note that the objective function is composed of three terms: the fixed cost of opening facilities, 
the expected cost of serving the customers from the regular DCs, and the expected cost of 
outsourcing part of the demand. The sum of the last two terms constitutes the variable cost. 
 
3.2. Model B: temporal assignment of a non-regular facility 
Non-regular facilities with spare capacity could be used as an alternative to outsourcing the 
supply of the unfulfilled demand. In this case, it is assumed that the delivery cost will be 
increased due to the fact that the non-regular DCs will be usually located at a larger distance 
from the customer than the regular ones. Let 𝜌 be the percentage of cost increment when non-
regular DCs serve some customers. Let 𝑔𝑖𝑗𝑘 be the percentage of demand associated with 
customer i that is re-assigned to be served by a non-regular facility j in a scenario k. Also, in the 
interest of prevent infeasibilities, the possibility of outsourcing is included too. The new model 
can then be expressed as follows:  































𝑗=1 ≤ 𝑅                                         for 𝑖 = 1,… , 𝑛        (18) 
∑ 𝑥𝑖𝑗𝑘
𝑚
𝑗=1 + 𝑧𝑖𝑘 = 1                        for 𝑖 = 1,… , 𝑛;  𝑘 = 1,… , 𝑠   (19) 
∑ 𝑑𝑖𝑘𝑥𝑖𝑗𝑘
𝑛
𝑖=1 ≤ 𝑞𝑗𝑦𝑗                          for 𝑗 = 1,… ,𝑚;  𝑘 = 1,… , 𝑠  (20) 
𝑔𝑖𝑗𝑘 ≥ 𝑥𝑖𝑗𝑘 − 𝑟𝑖𝑗                              for 𝑖 = 1,… , 𝑛;  𝑗 = 1,… ,𝑚;  𝑘 = 1,… , 𝑠 (21) 
𝑦𝑗 ∈ {0,1},  𝑟𝑖𝑗 ∈ {0,1}, 𝑥𝑖𝑗𝑘 ≥ 0      for 𝑗 = 1, … ,𝑚;  𝑖 = 1,… , 𝑛, ;  𝑘 = 1,… , 𝑠 
𝑔𝑖𝑗𝑘 ≥ 0 and 𝑧𝑖𝑘 ≥ 0                          for 𝑗 = 1,… ,𝑚;  𝑖 = 1, … , 𝑛;  𝑘 = 1,… , 𝑠 (22) 
 
Since 𝑔𝑖𝑗𝑘 has a positive cost in the objective function, this variable will be greater than 0 only 
when re-assignments are needed. The objective function has the same components as in the 
previous model plus the expected penalty cost of serving non-regular clients (third term). 
Two different approaches are used to solve the models (SCFLPrp,out) and (SCFLPrp,nrs). 
The first one is based on the solving of the DEM using stochastic-programming. In this case, the 
Cplex solver is employed. Since these are NP-hard combinatorial optimization problems, only 
small-size instances can be solved using exact methods, at least in reasonable computing times. 
The size of the instances that can be addressed with exact solvers reduces even further as the 
number of scenarios increases. To overcome the so-called curse of dimensionality, some authors 
proposed the use of decomposition algorithms, such as the branch-and-fix coordination 
(Alonso-Ayuso et al. 2003, Pagès-Bernaus et al. 2015) or the L-shaped method (Laporte and 
Louveaux 1993). However, these methodologies are based on a branch-and-bound or branch-
and-cut scheme, which for NP-hard combinatorial optimization problems are not the most 
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appropriate techniques. As the computational experiments will show, exact solvers such as 
Cplex can only be efficiently employed in small instances of this problem. Thus, the use of a 
heuristic-based solving method becomes necessary.   
 
4. Our Simheuristic Approach for the Stochastic CFLP 
As explained in the Introduction, our simheuristic algorithm relies on the well-known ILS 
metaheuristic framework. A well-designed ILS algorithm has all the desirable attributes of a 
metaheuristic according to Cordeau et al. (2002): accuracy, speed, simplicity, and flexibility. In 
Grasas et al. (2016), the authors propose the SimILS simheuristic framework, which is an 
extension of the ILS metaheuristic aimed at solving stochastic combinatorial optimization 
problems. The main idea consists in integrating a simulation component after the local search 
stage to evaluate the newly generated solution and provide valuable feedback. This feedback 
can then be used to update the base solution –i.e., to guide the search process inside the 
metaheuristic. This simulation component takes the new solution and a parameter indicating the 
number of simulation runs to be executed. In return, it provides a sample of observations on the 
performance of the new solution in a stochastic environment. From these observations, it 
becomes straightforward to obtain sample statistics such as the expected cost of the new 
solution, its variance, quartiles, etc. It also allows checking probabilistic constraints in case they 
exist –e.g., a constraint requiring that the percentage of customers requiring outsourcing or 
service from non-regular facilities falls below a given threshold.  
In the SCFLPrp, the stochasticity is associated with the constraints and with the objective 
function. In both models, the possibility of outsourcing guarantees the existence of at least one 
feasible solution, although some solutions may have an extremely high cost. Notice that there 
are three decisions to make in the SCFLPrp: (a) which DCs should be opened; (b) which 
facilities will regularly serve each customer; and (c) the actual percentage of the demand served 
by each provider (regular DCs, non-regular ones, or external companies in the case of 
outsourcing). The two first decisions are strategic, and they should not be changed on the short 
run. However, the last one can vary on the short run depending on fluctuations in customers’ 
demands. These three decisions are set in successive steps. Algorithm 1 provides an overview of 
our SimILS approach. The local search stage focuses on providing configurations of 
open/closed facilities, as well as on the selection of the regular DCs. In the simulation stage, 
customers’ assignment decisions are made. Since the simulation stage is time consuming, only 
‘promising’ solutions are tested in a stochastic environment. The way a local solution is labeled 
as promising is based on its deterministic cost. Thus, when a new solution improves the 
incumbent one in deterministic cost, it is considered as a promising solution and enters the 
simulation stage. Once the metaheuristic search is finished, a more computationally-intensive 
simulation stage can be added to increase the accuracy of the estimated values. At some steps of 
the solving process we make use of exact methods, and thus the algorithm could be considered 
as a matheuristic one (Lagos et al. 2016).  
 
 Procedure SimILS(inputData) 
01 initSol  generateInitialSolution(inputData) 
02 
03 
baseSol  localSearch(initSol) 
avgCost(baseSol)  shortSimulation(baseSol) 
04 bestSol  baseSol 
05 Repeat  
06    newSol  perturbation(baseSol) 
07    newSol  localSearch(newSol) 
08    isPromising  acceptanceCriterion(baseSol, newSol) 
09    If (isPromising) Then 






      If (avgCost(newSol) <= avgCost(baseSol)) Then 
         baseSol  newSol % baseSol is simulation-driven 
         If (avgCost(newSol) < avgCost(bestSol)) Then 
            bestSol  newSol 
         End If 
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16       End If 
17    End If 
18 Until (termination condition is met) 
19 avgCost(bestSol)  longSimulation(bestSol) 
20 Return (bestSol) 
Algorithm 1. Overview of the SimILS algorithm for the SCFLPrp 
 
Algorithm 2 describes how the initial solution is generated. Using the deterministic scenario, a 
subset of open DCs is chosen randomly, but ensuring that the total capacity is higher than the 
total expected demand. Afterwards, employing expected demands as the only scenario and 
fixing variables 𝑦𝑗, model (SCFLPrp, out) or (SCFLPrp, nrs) is solved using Cplex. Thus, the 
following outcomes are obtained: (a) the regular facilities for each customer (variables 𝑟𝑖𝑗); (b) 
the percentage served by regular DCs (variables 𝑥𝑖𝑗) and by non-regular facilities (variables 
𝑔𝑖𝑗); and (c) the amount of delivery that is outsourced.  
 
 Procedure generateInitialSolution(inputData) 
01 totalDemand  getTotalCustomersDemand(inputData) 
02 facilsList  getListOfFacilities(inputData) 
03 openFacils  empty 
04 While (totalCapacity(openFacils) < totalDemand) do 
05    newFacil  randomSelect(facilsList) 
06    openFacils  addFacility(openFacils, newFacil) 
07 End While 
08 Set up model (CFLPrp, out/nrs) with openFacils 
09 initSol  solveExact(CFLPrp,out/nrs) 
10 Return initSol 
Algorithm 2. Procedure to generate an initial solution 
 
The aim of the perturbation procedure is to produce a new map of open DCs each time it is 
called. In this way, the risk of being trapped in a local minimum is noticeably reduced. The map 
re-generation is achieved by a classical destruction-and-reconstruction process, i.e.: a random 
selection of the DCs in the current base solution are closed and, in turn, new randomly chosen 
facilities are opened. Thus, this new map of open facilities is not constructed from scratch, but it 
maintains part of the DNA of the base solution –which, as the algorithm evolves, tends to be a 
better solution for the stochastic version of the problem. 
Finally, a local search procedure is applied to improve any newly generated solution. It is 
based on operators that change the set of open DCs. Specifically, three operators are used: (a) 
open new facilities from the set of closed ones; (b) close some of the open DCs; and (c) swap a 
closed facility with an open one. The local search iterates for a predefined number of trials (100 
in our case). After the local search stage, the set of DCs to open and the set of regular providers 
for each customer are fixed. This solution needs to be tested in a stochastic environment to 
assess its performance. 
 
5. Computational Experiments 
This Section includes a series of computational experiments aimed at: (i) illustrating the 
advantages of using a simulation-optimization solving approach when dealing with stochastic 
optimization problems; and (ii) showing the difficulty of solving the problem addressed in this 
paper using standard exact methods alone. For each considered instance, we have tried to solve 
its deterministic equivalent model using a scenario tree. The main advantage of this 
methodology is that optimal solutions can potentially be found with complete information (or at 
least as much as the scenario tree captures) of the variability structure. However, the number of 
variables and constraints grows proportionally to the number of scenarios, which sometimes 
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results in models that are far too large to be solved using this approach. As it will be properly 
discussed, in those cases our SimILS algorithm will show to be a valid alternative. 
The computational experiments are performed on the Beasley benchmark (Beasley 1988), which 
is accessible from the OR-Library (http://people.brunel.ac.uk/~mastjjb/jeb/info.html). This 
benchmark has been used extensively in the CFLP literature by many authors (Sun 2012, Verter 
2011). It is composed of 49 instances, out of which 37 are small or medium and 12 are large 
(Table 1).  
 
Table 1. Dimension of the instances (# stands for numbers 1, 2, 3 or 4) 
Instance group Num. Facilities (m) Num. Customers (n) 
G1: cap4#, cap51, cap6#, cap7# 16 50 
G2: cap8#, cap9#, cap10# 25 50 
G3: cap11#, cap12#, cap13# 50 50 
G4: capa#, capb#, capc# 100 1,000 
 
All the models (deterministic and deterministic-equivalent for the SCFLPrp) have been solved 
with Cplex 12.1. The SimILS algorithm has been coded in Java. Tests were run on a laptop with 
a 2.6GHz CPU and 4 GB RAM. 
The stochastic programming model uses a scenario tree to represent the variability, while the 
SimILS algorithm uses random sampling to evaluate a promising solution with stochastic 
demands. Given the set of solutions to be implemented in the first stage –i.e., the set of open 
facilities and the assignment of regular customers–, the stochastic costs are estimated by 
sampling a large number (e.g., 10,000 times) of demand values and solving the corresponding 
transportation problem. This process allows to estimate the expected total cost of the proposed 
solution, and provides information on the distribution of the cost. This is a fair way to compare 
different solutions for the same problem (those obtained with the stochastic programming model 
and those generated by the SimILS algorithm), as well as to test the performance of a 
deterministic solution in a stochastic environment. 
 
5.1. Solving the deterministic models with Cplex 
For the sake of comparison, the deterministic model of the CFLPrp is solved first. The number 
of regular facilities per customer used in most instances is 𝑅 =  2, but it has been noticed that 
some instances need at least 𝑅 =  3, since some customers’ demands are higher than the 
capacities of the two largest facilities.  
Table 2 shows the objective function of the deterministic version of model A (SCFLPrp,out 
with the expected demand as the only scenario), 𝑍𝑑𝑒𝑡
𝐴 , which is composed of a fixed and a 
variable cost. Some of the medium-sized instances (such as capa#) could not be solved within 
the default gap of Cplex (0.0001) after 1 hour of computation. Column t(sec) shows the time, in 
seconds, used for solving the model. All the small instances are solved in less than 2 seconds, 
but the medium-sized ones need several minutes. The variability in the demand may have an 
impact on the optimal solution when the capacity of the open DCs is close to the total demand. 
We have computed the total capacity provided by all open facilities as well as the aggregated 





Table 2. Results for the deterministic version of model A 
Instance R t (sec) 𝒁𝒅𝒆𝒕
𝑨  Tightness  Instance R t (sec) 𝒁𝒅𝒆𝒕
𝑨  Tightness 
cap41 3 0.14 1045083 89.6  cap111 3 0.48 826124 68.6 
cap42 3 0.17 1102640 97.1  cap112 3 1.03 901376 77.7 
cap43 3 0.16 1157640 97.1  cap113 3 1.16 970569 83.2 
cap44 3 0.16 1240140 97.1  cap114 3 1.74 1066451 89.6 
cap51 2 0.39 1025208 72.8  cap121 2 0.70 793440 25.9 
cap61 2 0.17 932617 35.3  cap122 2 1.42 852525 35.3 
cap62 2 0.17 977801 43.2  cap123 2 1.55 895304 43.2 
cap63 2 0.38 1014063 55.5  cap124 2 1.64 946052 55.5 
cap64 2 0.33 1045652 77.7  cap131 2 0.66 793440 6.7 
cap71 2 0.19 932617 9.1  cap132 2 0.98 851496 9.1 
cap72 2 0.16 977801 11.1  cap133 2 0.94 893079 12.5 
cap73 2 0.23 1010642 20.0  cap134 2 1.34 928945 25.0 
cap74 2 0.16 1034979 25.0  capa1* 2 3600.86 19242041 90.9 
cap81 3 0.28 838635 68.6  capa2* 2 3601.38 18455311 84.8 
cap82 3 0.41 914775 77.7  capa3* 2 3601.30 17782690 84.8 
cap83 3 0.64 980343 83.2  capa4 2 455.20 17160910 90.9 
cap84 3 0.56 1072713 89.6  capb1 2 474.44 13656488 93.5 
cap91 2 0.23 796649 25.9  capb2 2 1211.30 13361939 95.2 
cap92 2 0.64 855734 35.3  capb3 2 1058.01 13198566 91.8 
cap93 2 0.75 896618 48.6  capb4 2 1337.59 13082535 91.8 
cap94 2 0.94 946052 55.5  capc1 2 825.41 11646585 92.6 
cap101 2 0.22 796649 6.7  capc2 2 478.89 11570336 88.6 
cap102 2 0.42 854705 9.1  capc3 2 346.84 11518730 87.1 
cap103 2 0.38 893783 12.5  capc4 2 409.89 11506487 78.1 
cap104 2 0.33 928945 25.0       
 
In the case of model B (deterministic version of SCFLPrp,nrs), Table 3 shows only those 
instances with results different from the ones obtained for model A. Notice that, for the 
deterministic version, only a few instances make use of re-assignments. Specifically, cap4#, 
cap8#, and cap11#. In addition, since model B is an extension of model A, the total cost of 
model B has to be equal or smaller than that of model A. The time needed for solving these 
instances are similar than in the case of model A. 
 
Table 3. Solution to the deterministic model B 
Instance R t (sec) 𝒁𝒅𝒆𝒕
𝑩  
cap41 3 0.25 1043905 
cap42 3 0.55 1101462 
cap43 3 0.23 1156462 
cap44 3 0.66 1238962 
cap81 3 0.30 838635 
cap82 3 0.45 912899 
cap83 3 0.64 977899 
cap84 3 0.42 1070263 
cap111 3 0.76 826124 
cap112 3 1.39 901376 
cap113 3 1.45 970569 
cap114 3 1.45 1064199 
 
5.2. Solving the stochastic models 
The deterministic instances have been used as the basis for the stochastic ones. Stochastic 
demands follow a known statistical distribution, 𝐷𝑖, with a given mean and variance. Without 
loss of generality, we assumed that the demand of customer i follows a Log-Normal distribution 
with mean 𝐸(𝐷𝑖) = 𝑑𝑖 (where 𝑑𝑖 is the periodic demand of customer i in the deterministic 
benchmark), and standard deviation proportional to the mean value, i.e.: 𝑆𝐷(𝐷𝑖) =  𝜅𝑑𝑖. 
Logically, as the value of 𝜅 converges to zero the results from the stochastic version should 
converge to those obtained in the deterministic scenario. In other words, the deterministic 
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benchmark has been extended to a stochastic benchmark in a natural way. Note that the 
assumption on the demand distribution is made only to generate some numerical data that can 
be used in our experiments. Nevertheless, in a real-life application the modeler can use any 
other distribution based on historical data. If the inverse transform method is used to sample the 
Log-Normal distribution, the scaled mean 𝜇𝑖 (also called location parameter), and the standard 





















2 )  = √ln (1 + 𝜅
2) 
We have tested the instances with several levels of demand variability by setting the 
parameter 𝜅 to different values. In particular, we used the values 𝜅 = 0.1 and 𝜅 =  0.2. For each 
level, Figure 2 shows the distribution of the aggregated customers’ demand for the instance 
cap41. Notice that, although the individual distributions are asymmetric, the sum of many 
values produces a quite symmetric distribution centered at the expected value.  
 
Figure 2. Distribution of the aggregated customers’ demand (case cap41) 
 
Regarding the specific parameters used in the stochastic version, we assumed an increased cost 
of re-assignment 20% higher than the regular assignment cost (𝜌 = 0.2). Likewise, we assumed 
a flat-rate outsourcing cost of  𝛾 = 150 for the small cases, and of 𝛾 = 2,000 for the large ones. 
The value of  𝛾 has been chosen to be higher than the 𝜌% of the highest 𝑐𝑖𝑗 (which represents 
the unitary cost), so the outsourcing cost is always more expensive than serving from any in-
house facility. The stochastic models have been solved using both Cplex and our SimILS 
approach. The model solved by Cplex is the deterministic equivalent one, using a scenario tree 
with 200 scenarios. The method used to build the scenario tree is a Monte Carlo sampling 
technique. The number of variables and the number of constraints grows proportionally to the 
number of scenarios considered. Fortunately, the number of binary variables remains the same 
as that of the deterministic model. However, this fact did not prevent the DEM to run out of 
memory for the larger instances (G4).  
In the case of instances with large spare capacity, it is likely that deterministic solutions 
perform well when used in a stochastic environment. However, for tighter instances the 
deterministic solutions may frequently require the use of external support, which will generate a 
noticeable increase of the variable cost. In what follows, we focus our analysis in the subset of 
instances with a tightness percentage higher than 50%. Thus, Table 4 compares the solutions 
obtained with the two solving approaches for the model A under a variability level of 𝜅 = 0.2. 
 13 
For each solution (found either by Cplex or SimILS), column 𝑍𝑠𝑖𝑚,#
𝐴  shows the expected total 
cost. Equivalent results for model B are shown in Table 5.  
 
Table 4. Solutions obtained with the SP DEM and the SimILS – model A with 𝜿 = 0.2 
 Stochastic Programming SimILS  
Instance 𝒁𝒔𝒊𝒎,𝑺𝑷
𝑨  t (sec) gap Cplex (%) 𝒁𝒔𝒊𝒎,𝑺𝒊𝒎𝑰𝑳𝑺
𝑨  t (sec) gap (%) 
cap41 1099053.3 118 0 1108174.6 54 0.83 
cap42 1159055.3 137 0 1161130.6 0 0.18 
cap43 1219047.5 189 0 1221130.6 0 0.17 
cap44 1309049.7 192 0 1311130.6 0 0.16 
cap51 1029624.8 496 0 1029890.0 0 0.03 
cap63 1015698.5 196 0 1015156.2 26 -0.05 
cap64 1055515.6 842 0 1055271.1 25 -0.02 
cap81 888939.5 155 0 890108.6 50 0.13 
cap82 966076.1 768 0 969763.0 53 0.38 
cap83 1036037.8 1329 0 1043960.0 26 0.76 
cap84 1137068.5 3523 0 1143882.0 0 0.60 
cap94 947986.3 2471 0 949375.9 5 0.15 
cap111 879371.7 1103 0 883539.4 170 0.47 
cap112 965382.2 3604 0.01 958047.4 303 -0.76 
cap113 1047322.2 3603 0.04 1030653.5 294 -1.59 
cap114 1160395.4 3604 0.06 1139246.8 50 -1.82 
cap124 975397.6 3603 0.09 949375.9 65 -2.67 
capa1 -   19244150.7 2263  
capa2 -   18458612.4 2370  
capa3 -   17827599.1 2934  
capa4 -   17162132.3 963  
capb1 -   13773560.0 809  
capb2 -   13378972.7 2645  
capb3 -   13238010.0 2086  
capb4 -   13084859.8 2380  
capc1 -   11704267.9 1363  
capc2 -   11571933.3 1812  
capc3 -   11540950.9 2850  
capc4 -   11535842.8 1928  
 
The DEM solved with Cplex is allowed to run for 1 hour. The gap column shows the goodness 
of the returned solution. Note that 4 instances from the G3 group cannot be solved to optimality 
within the given time limit. Moreover, the larger instances (G4) report an out-of-memory 
message without providing any feasible solution. On the contrary, the SimILS approach was 
given 300 seconds for finding a solution in the small-medium instances (G1, G2, and G3) and 
3,000 seconds for the large instances (G4). The column t(sec) shows the time at which the best 
stochastic solution was found. As usual, the gaps between the solutions found by the stochastic-




𝐴 . Comparing the small-medium instances, both approaches provide solutions of 
similar quality (with an average gap of -0.18% for model A and -0.41% for model B in favor of 
the stochastic programming approach). However, the time employed by the SimILS approach is 
one order of magnitude smaller. Moreover, for the larger instances G4 the SimILS increases the 
required computing time, but is able to provide feasible solutions. Similar conclusions can be 










Table 5. Solutions obtained with the SP DEM and the SimILS – model B with 𝜿 = 0.2 
 Stochastic Programming SimILS  
Instance 𝒁𝒔𝒊𝒎,𝑺𝑷
𝑩  t (sec) gap Cplex (%) 𝒁𝒔𝒊𝒎,𝑺𝒊𝒎𝑰𝑳𝑺
𝑩  t (sec) gap (%)  
cap41 1060020.5 142 0 1064810.5 149 0.45 
cap42 1123284.0 138 0 1125331.0 18 0.18 
cap43 1183372.0 128 0 1185331.0 17 0.17 
cap44 1273355.9 129 0 1275331.0 17 0.16 
cap51 1027659.6 497 0 1027882.9 2 0.02 
cap63 1015185.6 203 0 1015156.2 10 0.00 
cap64 1054845.3 962 0 1054766.8 52 -0.01 
cap81 844175.4 91 0 847896.7 34 0.44 
cap82 921543.6 642 0 921923.0 46 0.04 
cap83 991550.9 1185 0 1000581.9 71 0.91 
cap84 1095573.4 2187 0 1099850.6 37 0.39 
cap94 947725.9 1921 0 949372.2 247 0.17 
cap111 834455.2 1245 0 835428.0 254 0.12 
cap112 913270.7 3605 0.00 916047.5 217 0.30 
cap113 1019429.8 3607 0.06 990222.1 299 -2.87 
cap114 1132321.0 3605 0.07 1088553.0 87 -3.87 
cap124 986519.7 3607 0.10 951683.4 27 -3.53 
capa1 -   19244409.9 2302  
capa2 -   18457587.0 1358  
capa3 -   17767053.5 2219  
capa4 -   17162530.7 1357  
capb1 -   13774532.1 1506  
capb2 -   13379690.5 2952  
capb3 -   13238823.2 2388  
capb4 -   13086061.7 2225  
capc1 -   11703677.5 2688  
capc2 -   11571896.3 2552  
capc3 -   11586181.2 2360  
capc4 -   11535780.4 2829  
 
6. Further Discussion and Managerial Insights 
This section extends the initial analysis in two directions: firstly, it discusses the effects of the 
uncertainty level on the quality of deterministic solutions when these are employed in stochastic 
scenarios; secondly, it compares the two alternative distribution policies that were proposed to 
cover the demand that cannot be fulfilled by the regular DCs, i.e., outsourcing and in-house 
delivery by non-regular facilities. 
 
6.1. Effects of variability on optimal solutions  
Figure 3 shows the distribution of the total cost for three different solutions: the deterministic 
solution, the stochastic-programming solution, and the best solution found by the SimILS 
algorithm (the curves of the stochastic-programming and the SimILS solutions are overlapping 
each other). Each solution (open facilities and regular assignments) is used in a situation where 
the demand is stochastic with κ = 0.2. As it can be observed, the solutions found using a 
stochastic perspective (either stochastic programming or SimILS) show lower expected costs 
and thinner right tails. In contrast, the deterministic solution shows a rather fat right tail (which 
implies higher costs). This supports the idea that models not considering variability in demands 




Figure 3. Cost distribution of 3 different solutions – 𝜿 = 0.2, model B, cap44 
 
For the sake of analyzing the quality of deterministic solutions as the demand variability 
increases, we have estimated the total expected cost associated with the deterministic solution 
and the one associated with the stochastic solution. This has been performed for each level of 
variability, i.e.: 𝜅 = 0.1 and 𝜅 = 0.2. These estimated costs have been obtained using a 
simulation with 10,000 random samples of each stochastic demand. For each stochastic 
solution, we have computed its gap with respect to the expected cost of the deterministic 
solution when the latter is applied in a stochastic environment. Figure 4 displays a boxplot of 
these changes by variability level  𝜅, and type of solution (det for deterministic and SP for 
stochastic programming). Notice that, as the variability in the demand increases, using the 
deterministic solution instead of the stochastic one will report larger costs, while the cost 
associated with the stochastic solutions remains stable.  
 
 
Figure 4. Variation (%) of the total expected cost as demand variability increases – model B 
 
6.2. Comparing outsourcing vs. in-house policies 
Table 6 shows aggregated results for each of the considered re-assignment models (outsourcing 
and in-house non-regular distribution). Notice that solutions obtained with policies based on 
model B show lower expected costs than solutions obtained with model A. This is reasonable 
since model B extends model A by adding the possibility of non-regular delivery. Based on this 
comparison, it is possible to estimate the savings of using re-assignments from non-regular DCs 
before outsourcing the demand. On the average, this policy represents around a 3% savings (of 
course, in a real-life application these savings will depend on the actual cost of in-house re-
assignment as well as the cost of outsourcing). Notice also that both policies use the same 
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number of open facilities in all the instances except one. However, the number of regular DCs is 
generally lower when the assignment policy B is used. Finally, the table also shows the % of 
scenarios that have required outsourcing in each of the models. As it can be observed, the 
possibility of performing non-regular assignments absorbs nearly all the unserved demand, thus 
significantly reducing the need for outsourcing. 
 
Table 6. Performance indicators of the two assignment policies 
Group Average gap (%) 
in expected costs 
Difference in the total  





G1 1.84 6.71 11% 1% 
G2 3.69 9.60 16% 0% 
G3 3.76 6.20 17% 0% 
G4 0.00 0.50 0% 0% 
 
7. Conclusions and Future Work  
In the context of e-commerce, this paper presents two facility-location models, which consider 
stochastic demands as well as a restricted number of regular suppliers per customer. These 
models are then solved using two different approaches. On the one hand, we use a two-stage 
stochastic programming methodology. On the other hand, we propose a simheuristic algorithm, 
combining an ILS metaheuristic with simulation. According to the computational results 
obtained, the stochastic programming approach is efficient but limited to small- and medium-
sized instances. On the contrary, the proposed simheuristic approach is able to solve large-sized 
instances in reasonable computing times, while providing also competitive results for smaller 
instances. In addition to compare both solving methodologies, the computational experiments 
also contribute to illustrate and quantify the effect of considering different outsourcing policies 
whenever the regular distribution centers cannot cover the customers’ demand, which is 
considered to be stochastic. To sum up, decision-makers can rely on these flexible approaches to 
efficiently design supply-chains. While it is clear that the simheuristic approach is needed for 
large-sized instances, for most of the other instances there is a trade-off between approaches’ 
performance in terms of computational time and solutions’ quality.  
The introduction of simheuristic algorithms to analyze stochastic facility-location models is 
an emergent research field. In this paper we have showed its potential, but the number of 
different in-house/outsourcing policies and what-if scenarios that can be of interest for decision 
makers is almost unlimited, and a flexible tool combining the efficiency of metaheuristics with 
the ability of simulation to deal with uncertainty conditions can be very useful in supporting 
decision-makers in e-commerce business. In particular, potential lines of future research are: (a) 
to analyze the effect on expected costs of the maximum number of regular providers and 
different policies –such as using a safety stock in each facility to deal with unexpected demands; 
(b) to model costs as stochastic variables, since there are a number of factors with unpredictable 
effects on them (e.g., accidents or congestion); (c) to study heterogeneous facilities in terms of 
their commercial offer, which leads to demands that depend on the customers’ assignation; (d) 
to explore pricing strategies and replace the costs-based objective function by one focusing on 
benefits; and (e) to extend the models so they consider a multi-echelon supply chain. 
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